Using data from the Health and Retirement Study (HRS) and the English Longitudinal Study of Ageing (ELSA), we estimate a dynamic model of health and employment. We estimate how transitory and persistent health shocks affect employment over time. In a first step, we formulate and estimate a dynamic model of health. The procedure accounts for measurement error and the possibility that people might justify their employment status by reporting bad health. We find that health is well represented by the sum of a transitory white noise process and a persistent AR(1) process. Next, we use the method of simulated moments to estimate the employment response to these shocks. We find that persistent shocks have much bigger effects on employment than transitory shocks, and that these persistent shocks are long lived. For this reason employment is strongly correlated with lagged health, a fact that the usual cross-sectional estimates do not account for. We also show that accounting for the dynamics of health and employment leads to larger estimates of health's effects on employment than what simple OLS estimates of health on employment would imply. We argue that the dynamic effect of health on employment could be generated by a model with human capital accumulation, where negative health shocks slowly reduce the human capital stock, and thus, gradually cause people to exit the labor market.
Introduction
This paper investigates the dynamic effects of health on the employment of older workers. Specifi cally, we estimate how transitory and permanent health shocks affect employment over time. Most research on the effect of health on employment does not distinguish between the short and the long run effects and yet these are likely to be very different, and both are important. A transitory health shock, such as a broken bone, may lead some to drop out of work for a short period of time, but many of these workers will be back into employment as their condition improves. However, poor health may have effects on employment that outlive the health condition for a myriad of reasons. For instance, by keeping individuals out of work, poor health may erode the individual competencies that are valued in the labor market, hence reducing productivity. Furthermore, in dividuals driven off employment because of a bad health shock may have a difficult time returning to the labor force, even if their health improves. The longer poor health conditions persist, the larger the productivity and long-term employment effects are expected to be.
Understanding the dynamic relationship between health and employment is key to informing the effective design and evaluation of public policy. For instance, disability policy aims to pro tect individuals against risks that are not insurable through the market. In the health context, uninsurable risks are likely related to shocks that persistently impair employment and earnings capacity. In turn, the institutional setting is likely to have a strong influence on the impact of health shocks on employment. Conceivably, more generous health insurance, sickness/incapacity benefits and off-work payments may promote both time off paid work and health investments in response to poor health. These benefits may affect employment in two opposite directions: positively, by leading to a fast recovery and a swift return to work, and negatively, by promoting time out of the labor market in the short run along with the consequent skill depreciation.
The dynamic interactions between health and labor supply are expected to change with age, particularly around retirement age as health problems become increasingly more frequent and serious, and out-of-work benefits change rapidly (Disney et al. (2006) , Casanova (2013) ). We focus on individuals in the years leading to retirement, aged 50-66, and estimate the overall impact of health on their employment by explicitly taking into account that these effects may build over time. We do this both for England and the US, two countries that share much in terms of culture and values while differing markedly in the institutional context in which older workers frame their decisions, including health policy, working and retirement incentives.
We develop a dynamic model of health and labor supply that allows for rich interactions between the two variables in order to capture the different paths leading to the long-term effects of health. To do so, our model extends those existing in the literature in several directions. 1 First, we distinguish between transitory and persistent shocks and allow their effects to differ. We believe that separating persistent shocks is crucial for two main reasons: they are a better indicator of the serious health conditions that are likely to limit current working capacity and productivity, and their persistency may lead to magnified consequences inflicted by permanent losses in productivity and labor market attachment. Second, we consider that past health may affect current labor supply, even after conditioning on current health. This may happen because health reduces opportunities for human capital investment, for example. As for current shocks, we allow for the effects of past shocks to differ by the nature of the shock, whether persistent or transitory. Third, we allow for the health effects to be reinforced through additional persistency of the employment process. And fourth, we control for person specific heterogeneity in health, allowing for the possibility that health and labor supply are correlated partly because more motivated people tend to be healthier. Put differently, we relax the assumption that the correlation between health and labor supply is exclusively driven by the effects that health may have on labor supply.
We find that health is well represented by the sum of a transitory white noise process and also a permanent AR(1) process. Next, we use the method of simulated moments to estimate the employment response to these shocks. We find that permanent shocks have much bigger effects on employment than transitory shocks, and that these permanent shocks are long lived. For this reason, employment is strongly correlated with lagged health, a fact that the usual cross sectional estimates do not account for. We also show that accounting for the dynamics of health and employment leads to larger estimates of the effect of health on employment than what simple OLS estimates of health on employment would imply. We argue that the dynamic effect of health on employment could be generated by a model with human capital accumulation, where negative health shocks slowly reduce the human capital stock, and thus slowly cause people to exit the labor market.
Model
We consider the health and employment processes of a single cohort, so time is age and is denoted by a. All parts of the model are education-and gender-specific, with three education groups: less than High School Dropouts, High School Graduates and University Graduates. In what follows, the gender and education dependencies are omitted to simplify the notation.
The health of individual i at age a follows the process
where h is health, x includes an age polynomial and health outcomes of the individual as a child, π ia is the persistent health shock, assumed to follow an AR(1) process with innovation ω ia , and E ia is a transitory health shock, specified as a white noise. We assume that ω ia and E ia are iid. 2 Our model of employment allows for rich dynamic effects of health on employment. First, we consider that persistent and transitory shocks (π and E) may have different effects on employment as they may stand for health conditions that limit work and productivity in very different ways. Second, we allow for health shocks to affect current employment, through a direct effect on productivity and preferences, and future employment, through lagged effects on earnings capacity or the ability to move back into work. And third, the persistency of employment may in itself help propagating the impact of health shocks over time. Formally, we specify the dynamic labor supply decision at the extensive margin by the latent variable model:
where E * is the latent process for employment and E is the employment indicator. We allow for the effect of lagged employment to vary with age to capture the rapidly changing incentives to work that workers face before retirement. The shock to employment, u, is assumed to be iid and independent of the health shocks. We further assume that (π, E, u) are (independently) normally distributed and standardise the variance of u to 1.
Our estimates are based on two longitudinal datasets: the US Health and Retirement Study (HRS) and the English Longitudinal Survey of Aging (ELSA). The ELSA data was based upon the design of the US Health and Retirement Study (HRS) data. For this reason, the timing of the interviews, their structure and the information collected are all very similar.
ELSA is designed to be a representative sample of non-institutionalized individuals living in England and aged 50 or older. Interviews were held bi-annually from 2002/03 onwards, with the six currently available waves covering the period up to 2012/13. The sample was drawn from respondents to the Health Survey for England (HSE) in 1998 (HSE) in , 1999 (HSE) in or 2001 , with refreshment samples added in waves 3 and 6 also drawn from the HSE. Both the selected members of the panel and their partners were interviewed in each wave, resulting in some respondents being younger than 50 at the time of the interview.
HRS began in 1992, with a representative sample of individuals living in the United States aged 50 to 61. These individuals were interviewed again biennially and refreshment samples were added every 6 years. A self-completion workbook was also left behind for respondents starting in 2004. Respondents were initially selected from the non-institutionalized population but efforts were made to include them in later waves even if they were admitted into nursing homes. We further augment the HRS dataset with the RAND HRS Data File which contains minor imputations of the core HRS variables and, in general, cleaner data. Similar to ELSA, if an individual is included in the HRS, so too is their partner, regardless of age.
In both cases, our estimates are based on the sub-sample of main respondents and their partners aged 50 to 66. We use the entire collection of waves for ELSA and the HRS, covering the years up to 2012.
In total, there are 11,217 individuals in ELSA aged 50-66, of whom 54% are women. 12% of our ELSA sample respondents are observed for all 6 waves, and more than half are observed for at least 3 waves. In the HRS there are 24,804 individuals, with the same sex ratio as in ELSA. almost 8% of the respondents are observed over the 8 waves that cover our age-window, and almost 70% are observed for at least 3 waves. The education and gender distribution of both samples is detailed in Table 1 . We consider three education levels, the lowest corresponding to high-school dropouts in the US and GCSE qualitfications in England, the medium being highschool graduates and the highest level being 3+ years college degrees. The sample sizes per wave are outlined in Table 3. A critical issue for our analysis is how to measure health. The literature on the effects of health has raised concerns that estimates of these impacts may be biased due to measurement error in health. 3 One problem is that only limited health measures are generally available, and Most likely, this type of measurement error leads to an understatement of the effect of health on labour supply. Another problem is that estimates of the effect of health status and labour supply potentially suffer from "justification bias", as those who are not working might claim to be unhealthy in order to justify their working status. 5 This would likely lead to an overstatement of the effect of health on labour supply. In most of these studies, the estimated effect of health on labour supply is found to be larger when using subjective measures than objective measures ). These differences in estimates could be attributable to either of these mechanisms.
We deal with measurement error in health by building a composite index using all the objective and subjective self-reported measures of health that are observed in all waves. The objective health measures consist of questions relating to whether the respondent has a given chronic illness (such as cancer or diabetes) and measures on mobility and Activities of Daily Living (ADL). All these are listed in Table 4 , together with some brief descriptive statistics. 6 Similarly, Table 5 describes all subjective health measures in our index. The two tables clearly demonstrate the similarities in the measurement of health in the two surveys.
We construct the health index using a two step procedure. First, we extract the first factor from a principal component analysis of the set of subjective health measures; this should deal with the first problem mentioned above. Second, we instrument this subjective health factor with objective measures of health, which should take care of justification bias as objective measures are less likely to be sensitive to it. We describe our principal components analysis more carefully in appendix A. Our choice to synthesise all health information in a single index is simple and parsimonious, but is only adequate for our purpose of measuring the impact of health on employment if it is capable of summarising the relevant health information for employment. We have investigated this by estimating regression models controlling for more detailed health information and found that adding more detailed information produces results similar to the ones we get with our single index. In particular, we have tried the following. 7
First, we tried using not just the first principle component but the second principle component of the subjective measures in the employment equation. The regression coefficient on the second principle component was not statistically significant and was small in magnitude. This holds whether or not we just regressed employment on the first and second principle components or instrumented for these two principle components using the objective health measures. Thus we decided that little would be gained by adding the second principle component.
Second, we tried regressing employment on all the objective health measures. This procedure produced similar but less stable and usually smaller estimated effects of health on employment than our preferred method of regressing employment on our single health index. 8 We attribute our more stable and slightly larger estimates using our procedure to the fact that our procedure handles measurement error in the objective health measures. See also for more details on the data, and the robustness of estimates to alternative measures of health.
Estimation
For simplicity, we denote by 0 the youngest age group in our sample, aged 50-51. The parameters of interest are those characterising the dynamics of health, (ρ, σ ω , σ π 0 , σ E ), its effect on employment (η 0 , η − 1, δ 0 , δ 1 , γ), the effects of lagged employment on current employment (α E1 , α E2 ), and the initial (at age 0) correlation between employment and the health error components (σ E 0 π 0 , σ E 0 E 0 ). We estimate the model in two steps. First, the parameters in the health process (ρ, σ ω , σ π 0 , σ E ) can be estimated in a first stage by using an error components model. We estimate the parameter
vector that best matches the empirical auto-covariance matrix of health residuals, where the health residuals are constructed using a regression of health on an age polynomial only. The time correlations in individual residuals separate the structure of the persistent and transitory health shocks. Since health is pre-determined in our model, the parameters of the health model can be estimated without any reference to the employment decision.
In the second step we estimate the other model parameters using the Method of Simulated Moments conditional on the structure of the health process. 9 The estimation procedure at this stage is conditional on the parameters driving the health shocks. We assume all health and employment residuals are normally distributed and independent, so the employment regression is a probit. Lagged employment is endogenous in this regression given its relationship with health residuals. We explicitly account for this dependence by simulating employment conditional on health shocks, using simulated lagged employment in predicting future employment status, and by matching employment rates by age and the autocovariances of employment calculated on this simulated series with their data counterparts. Furthermore, endogeneity of initial employment is dealt with by starting the simulations 4 periods (8 years) prior to the start of the age interval observed in the data.
For any set of parameters, (δ 0 , δ 1 , γ 0 , γ 1 , α E1 , α E2 ), we simulate the health residuals and the employment process over the entire observation period for every individual and select the param eter vector that minimizes the GMM criterion: (6) where ( M d , M m ) are the data and model simulated moments, respectively, and Ω is the estimated variance-covariance matrix of the data moments estimates. We then select the set of parameters for which the moments calculated from the simulated data best match moments estimated with ELSA or HRS data. We chose to match 3 sets of moments: the auto-covariance matrix of employment, the matrix of cross-correlations between employment and health residuals, and a set of moments describing employment probabilities by age. Since the dynamic structure of the health process is known at this stage, the cross-correlations between employment and health help identifying the coefficients driving the effects of health on employment (the δ's and γ's). Then the other moments capture the employment rates, how they change with age and the coefficients on lagged employment. 10
The following describes our procedure to estimate Θ = (δ 0 , δ 1 , γ 0 , γ 1 , α E1 , α E2 ) conditional on the parameters characterising the residual health process and estimated in step 1, (ρ, σ ω , σ π 0 , σ E ).
1. Estimate all moments and the variance-covariance matrix of these estimates on survey data (ELSA or HRS) for 50-65 year olds.
2. Using the estimated parameters from step 1, simulate the health residuals process from the age of 42 to 65.
3. Choose initial values of the parameters being estimated in the second stage and get employ ment at age 42 from historical data.
4. Simulate the employment process from age 42 to 65.
9 Original references are McFadden (1989) and Pakes and Pollard (1989) . 10 Further details of our identification strategy can be found in the appendix B.
5. Calculate the model generated moments using simulations for the age group 50-65. 6. Compare model generated moments to the moments in the data. Calculate the GMM criterion.
7. Take a new set of parameters (where the new set is taken using a Nelder-Mead/Amoeba algorithm) and repeat steps 4-6 until a global minimum is found.
Results
Our key findings are as follows:
1. The dynamic properties of health are well described by the sum of a highly persistent AR(1) component, plus a transitory component.
2. Transitory health shocks have little impact on employment.
3. Permanent health shocks have much bigger effects on employment.
4. Employment is highly persistent. Lagged employment strongly predicts current employ ment, even after accounting for the persistence in health.
Model estimates suggest a larger impact of health on employment than what OLS estimates imply.
This section describes these findings in greater depth. Table 6 presents estimates of the parameters of the health process using ELSA and HRS data. Estimates are by gender for the three educational groups we consider, corresponding to high-school dropouts (Ed 1), high-school graduates (Ed 2) and college graduates (Ed 3). Table 6 show show remarkable similarities between the health processes esti mated for the two countries. In both cases, the dynamic properties of health are well described by the sum of a highly persistent AR(1) component plus a transitory component. Moreover, the autocorrelation parameter (ρ) is close to 0.9 for all groups. However, the dispersions in the initial permanent health component (σ π0 ) and in persistent health shocks (σ ω ) are generally higher in England than in the US. These differences are partly compensated amongst low and medium educated men, who face an higher dispersion in the transitory health shocks (E) in the US than in England. More generally, the variability of both the transitory and the permanent health shocks vary a great deal from group to group. 
The health process

Estimates
The figures in
Model Fit
Figures 1 and 2 show how the model fits the variance of health across the different age groups. Unsurprisingly, those with the lowest education have the most variable health for both genders, and for both England and the US. Moreover, the health measure is more disperse among men than it is among women. This is consistent with low educated men being especially at risk of serious negative health shocks and with the high disability rates among them.
The results for England show, as expected, that the variability of health rises with age as some people remain healthy while others accumulate health problems or are hit by large negative health shocks. However, this pattern is not clear in the US, where indeed the variability of the health process is mostly flat or even mildly decreasing with age among low and medium educated men. Moreover, in line with estimates in Table 6 , these figures show that the dispersion of health in England is higher than that in the US for all groups at all ages. In future work, we will investigate the connections between our health indexes and the specific health conditions underlying them to shed light on these cross-country differences in levels and age patterns. Figures 1 and 2 show that the model captures well the age patterns in the variance of health. These variances are a subset of the moments we use in estimation, corresponding to the diagonal elements of the auto-covariance matrix of the health residuals. The fit of the remaining moments are shown in Tables 7 and 8 for high-school dropout men. Similar figures are available from the authors for the other groups.
Tables 7 and 8 show that the model also captures the covariances well. For both datasets, there is a big drop between the variance and first autocovariance. For example, the variance of the health index for 50-51 years old in England is 1.133, but the first auto-covariance (between age 50-51 and 52-53) is 0.878. A similar pattern can be seen for all other groups. This drop is consistent with the view that there is a non-trivial transitory component to health. Subsequent covariances remain high, however. For example, the covariance between health at age 50-51 and 60-61 is 0.623, which is consistent with the view that there is an important persistent component of health. As we show below, the employment responses to the transitory and persistent components of health are very different. The coefficient estimates for the employment process are given in Table 9 . The coefficients α E1 and α E2 suggest a high degree of persistence in employment. For instance, estimates imply that the index E * raises by 1.256 for a 50 year old, high-school dropout man in England if they worked in the previous period, and it raises by 1.256+5*0.419=3.351 at the age of 60. To put these values in perspective, take the values of (var(π 0 ), var(E)) to be (1,0.05), similar to the figures in Table  6 , and the value of all other coefficients in the employment index (except the effect of lagged employment) to be zero. Then the predicted probability of employment at age 50 would be .5 if not working in the previous period and .79 if working the previous period. 11 Lagged employment is also a main driver of current employment in the US, with estimates very close to those obtained for England.
The estimates of the impact of persistent shocks are very similar in both countries, generally larger for men than for women and decreasing in education attainment (coefficients on π and its lag). The effects of the transitory shocks show no clear patterns, varying widely by education, gender and country, which suggests they are not important drivers of employment.
Coefficients in employment process constant
Et Figures 4 and 3 contrast survey employment profiles by age with those predicted by the model. The fit is generally good but not equally so for all groups. For England, the model does worse in capturing the employment level of high-school graduated men, while for the US it fails to capture the employment profile of high-school graduated men and high-school dropout women, as well as the employment level of college graduated men.
Other moments are closely fit. Tables 10 and 11 show the variance-covariance matrix of em ployment for high-school dropout men estimated on survey data and predicted by the model, for England and the US respectively. 12 Employment is highly serially correlated. This serial correla tion in employment is captured both through the lagged employment parameter and through the persistent component of health. Tables 12 and 13 show the covariance matrix of health and employment for men who are highschool dropouts in England and the US, respectively. 13 Interestingly, employment correlation with lagged health is similar the employment correlation with current health. For example, in England the covariance between employment and health at ages 58-59 is 0.3384, whereas covariance between employment at ages 58-59 and health at ages 56-57 is 0.3427.
Lagged health is likely to be highly correlated with employment through two channels within the model. First, health itself is persistent. Second, health impacts employment, which in turn affects future employment. To get a better sense of the importance of these mechanisms, we simulate the impact of health shocks on employment below. 
Simulating health shocks
To give a sense of the importance of the dynamic model, we compare the predicted employment decline from a one standard deviation negative shock to health as predicted by the estimated dynamic model relative to what would be predicted using OLS estimates of the effect of health on employment. Results are displayed in figures 5 and 6. Our estimated dynamic model has a predicted employment response that is similar to the OLS estimates although the employment response is slightly longer lived. This is true for both England and the US. The reason why our estimates from the dynamic mode persist for longer is the strong correlation between lagged and current employment and also because lagged health appears to impact current employment, even after accounting for lagged employment and current health. However, the predictions from the OLS regression model combined with the dynamic model of health capture a very similar pattern. Figure 6 : US -Model predictions (left) and OLS predictions (right) of employment response to a 1 standard deviation shock to the permanent component of health at age 50-51. Low, med and high are for high-school dropouts, high-school graduates and college graduates. Age groups 1 to 8 are for 50-51 to 64-65.
We estimate the effect of health on employment using a dynamic model. Our key findings are as follows:
by gender and education) and use the estimated coefficients of the model to predict subjective health.
Specifically we take the first principal component of the data matrix of the three health subjective health measures, which we define as H S , i,t,1 H S i,t,2 , H S i,t,3 which will give us weights , ψ 1ψ2ˆ ψ 3 , , , to construct the subjective health index
We then take this index and estimate
where X is vector including an age polynomial and a full set of wave dummies, and
are the objective health measures. Our measure of health that we use throughout the paper is then given by equation 9
Appendix B: Identification
In this appendix we discuss the identification of the parameters driving health and employ ment.
Identifying the parameters of the health process
The structure of the health residual is simply identified from the auto-correlation moments in health, conditional on a polynomial in age. The health of process is described in equations (1) and (2) in the main text, which we reproduce here for convenience
where the indexes i and a stand for individual and age, h is health measured as described in Section 3 and appendix A, x is a polynomial in age, π is the persistent health shock, assumed to follow an AR(1) process with innovation ω and E is the transitory health shock. We assume that (ω, E) are iid and and mutually independent. All equations are education and gender specific and we omit dependence on these characteristics for simplicity.
We start by regressing h on x simply by OLS and predict the residuals from this regression, ŵ hich we denote by R ia . Then R ia = π ia +Ê ia To identify the parameters characterizing the residual process we use the autocovariance mo V ar (R i0 ) = σ π 2 0 + σ 2 ψ 1 − ρ 2a V ar (R ia ) = ρ 2a σ π 2 0 + σ ω 2 + σ ψ 2 for a = 1, . . .
ments for the residual R = π + E: and in general, for l > 1 From these expressions it is clear that identification of (σ π0 , ρ, σ ω , σ ψ ) requires at least 3 periods. Taking periods a = 0, 1, 2, it is easy to show:
Identifying the parameters of the employment process
The employment process is formalised in equations (4) and (5), which we reproduce here for convenience:
where employment E is a discrete variable with latent process E * . The latter is a function of observed variables x, which include an cubic polynomial in age, health residuals (π, E) and employment residual u. All equations are education and gender specific and we omit dependence on these characteristics for simplicity.
We assume all health and employment residuals are normally distributed and independent. Hence, the employment regression is a probit. Lagged employment is endogenous in this regression given its mechanical relationship with health residuals. We explicitly take this into account by simulating the employment and health residual processes jointly -thus formally accounting for the links between the two processes -and then matching conditional (on observed x's) employment rates, employment rates conditional on past employment and the current and lagged correlations between employment and health calculated on the model simulations with their data counterparts. Furthermore, endogeneity of initial employment is dealt with by starting the simulations 2 years prior to the start of the age interval we are considering. After this "burn in" phase, the structure of the relationship between employment and the health residual will have created the correlation between lagged employment and the overall residual in the employment equation that is consistent with the data moments.
Demonstrating identification in a linear probability model based on the set of moments we use is similar (although more laborious and tedious) to what we have done above for the health residuals. Suppose we know (α 0 , α x , α E1 , α E2 ). We can then predict the employment residuals (δ 0 π ia + δ 1 π ia−1 + γ 0 E ia + γ 1 E ia−1 + u ia ) and use these to calculate their autocovariances and cor relations with health residuals (current and lagged). Since we know all parameters in the health process, this procedure identifies (δ 0 , δ 1 , γ 0 , γ 1 ). 14 The parameters (α 0 , α x , α E1 , α E2 ) can be iden tified from the employment rates and the correlations between employment, lagged employment and x. Estimating (α 0 , α x , α E1 , α E2 , δ 0 , δ 1 , γ 0 , γ 1 ) together ensures that the mechanical endogene ity of lagged employment is fully accounted for and the estimates are consistent. Finally, since imposing normality does not affect identification, a similar procedure can be used to identify the parameters in our non-linear model.
